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rtificial intelligence and mathematical
A optimization are converging faster than ever.

Large language models (LLMs) can now
generate code, describe complex systems in plain
English, and interact naturally with mathematical
software. Optimization solvers, meanwhile, continue to
provide the rigorous guarantees that underpin critical
decisions across industries. As these technologies
meet, a new question arises: what doesiit really mean to
“solve” a problem, and how can these systems work
together to make decisions smarter, faster,and more
explainable?

This paper explores that intersection. Its purpose is to
clarify the distinct strengths of LLMs and optimization
solvers, explain why they are complementary rather
than competitive, and show how their integration forms
the foundation of a new computational paradigm: the
Decision Intelligence Stack.

The discussion proceeds as follows:

1 Webegin by defining what it truly means to solve
an optimization problem and distinguishing proof
from plausibility.

2 We then examine the two technologies (LLMs and
solvers) and how their collaboration enables a
human-Al-solver loop that turns modeling into an
interactive process.

3 Fromthere, we illustrate these ideas through
examples and current research frontiers,
highlighting how LLMs already assist in model
formulation, parameter tuning, and explanation.

4  Finally, we look ahead to the Decision Intelligence
ecosystem and the future of decision intelligence,
where hybrid reasoning systems will reshape how
organizations model, decide, and act.

Intelligence, optimization, and the new

decision frontier

Over the past few years, computing has undergone
one of its fastest transformations thanks to the rise of
large language models. These systems can write code,
summarize complex reports, reason through multi-step
problems, and converse as if they understand intent.
They are now embedded in nearly every layer of digital
work, from drafting emails to debugging programs. To
many, they appear to be universal reasoning tools.

Thatimpression raises an important questionin
technical and executive circles alike:

If LLMs are so good at reasoning, will they eventually be able to solve
optimization problems, the same ones that Gurobi and other solvers handle

today?
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At first glance, the idea seems plausible. So this begs
the question: if an LLM can already write a
mathematical model, why could it not also find the
optimal solution? The answer lies in the difference
between plausibility and proof. LLMs and solvers are
built on entirely different foundations:

B LLMsare statistical systems that predict what is
likely or plausible based on large text datasets.

B Solvers are algorithmic engines that search, prune,
and prove within structured mathematical spaces.

One learns; the other reasons. One imitates; the other
certifies. Understanding that difference, and how the
two complement one another, is essential for building
the next generation of decision intelligence systems.

As language models gained the ability to write code
and call APIs, the line between artificial intelligence and
optimization began to blur. Engineers discovered they
could describe a problem such as “minimize
transportation cost subject to capacity and demand
constraints” in plain English and receive a working
Python model. The art of mathematical modeling
suddenly opened to a wider audience.

From there, it was natural to ask: if an LLM can
generate the model, canit also generate the optimal
plan? Here, definitions matter. In everyday language, to
solve means to produce a plausible answer. In
optimization, to solve means to prove that a solution
satisfies all constraints and that no better one exists. A
solver like Gurobi does not just return an answers; it
provides guarantees. It can prove optimality within a
defined tolerance, prove infeasibility when no plan
exists, and quantify exactly how close a partial result is
to the true, best-possible outcome.

LLMs, by contrast, can propose plans and reasoning
that sound persuasive but offer no mathematical proof.
They operate in a world of probabilities, not
guarantees.
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This distinction between plausibility and proof is the
core of this paper.

Still, dismissing LLMs as irrelevant to optimization
would be a mistake. They are becoming the natural
interface to mathematical reasoning, a bridge between
human intent and computational precision. They lower
the barrier to modeling, help diagnose infeasibilities,
explain solver results in natural language, and
orchestrate analytical workflows.

This convergence defines what we at Gurobi and
across the analytics community call the Decision
Intelligence Stack, in which each layer plays a distinct
role:

1 TheUnderstanding Layer, where LLMs interpret
intent, context, and unstructured inputs.

2  The Computation Layer, where solvers,
simulations, and mathematical programs perform
rigorous reasoning and produce guaranteed
outcomes.

3 The Action Layer, where systems and people
implement decisions in the real world.

Seen this way, solvers are not replaced by LLMs. They
anchor them. Every other layer of intelligence depends
on the solver’s foundation of verifiable truth. LLMs
make solvers accessible to a broader range of users,

but solvers remain the mathematical heart of the stack.

Thereis also a deeper connection. LLMs and solvers
represent two complementary forms of intelligence.
LLMs are statistical generalists: fluent, creative, and
contextual. Solvers are algorithmic specialists: precise,
disciplined, and provable. Like language and logic in
human reasoning, one expresses ideas and the other
verifies them.
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Recognizing this complementarity is the foundation for
the next wave of innovation. The most powerful
decision systems of the coming decade will be hybrid,
combining language models that understand human
goals, optimization engines that compute provable
answers, and orchestration frameworks that allow
them to collaborate seamlessly.

What does it mean to “solve” an optimization
problem?

The question “Can an LLM solve optimization
problems?” only makes sense once we define “solve”
precisely. In ordinary language, “solving” means
producing an answer that seems right. In mathematical

optimization, it means something far stricter: delivering
asolution that is provably correct within a well-defined
model of the world.

That proof-oriented notion of solving is why solvers like
Gurobi exist and why they remain essential in an age of
probabilistic Al. Optimization is not about guessing; it is
about certifying.

Every solver operates on a clear mathematical
structure: an objective to minimize or maximize,
constraints to satisfy, and decision variables to control.
In compact form:

min c'x

subjectto Ax<b, xeZPxRda

FROM PROBLEM TO PROVEN DECISION

Variables Constraints

What decisions need to be made?
restrictions?

What are your limitations and

Objective function

What are you trying to maximize or
minimize?

minimize: f(x, vy)
X >= 0,
X € Z™n
y € R™m

Mathematical model

subject to: Al:x + A2y = b

y >= 0

(integer variables)
(continuous variables)

Solver

Optimal solution
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To solve such amodel means to provide one of several
verifiable outcomes:

1  Feasible and optimal solution: a plan that satisfies
all constraints and is mathematically proven to be
the best possible.

2 Bounded approximation (MIP gap): if stopped
early, a certified bound showing how far, at worst,
the current solution could be from optimal.

3 Infeasibility certificate: proof that no feasible
solution exists, often identified through an
Irreducible Infeasible Subsystem (lIS).

4  Unboundedness certificate: proof that the
objective canimprove without limit.

What makes a mathematical optimization solver unique
is not that it produces an answer, but that it can prove
the answer’s validity, or prove that no answer exists. In
contrast, heuristic approaches (including LLM-
generated strategies, metaheuristics, and other Al-
guided searches) can produce good answers quickly,
sometimes even near-optimal ones. But they do so
without guarantees. They explore the space of
possibilities guided by experience or learned patterns,
rather than by mathematical proof. Their results may be
useful or even impressive, but they remain plausible,
not proven.

Proof versus plausibility

LLMs can produce results that look correct, such as
production schedules or shipping plans, but they
cannot guarantee that those plans respect every
constraint. If amodel caps production at 80 units, an
LLM might confidently propose 100 because it has no
mechanism to enforce feasibility. To optimization, that
difference is decisive: a solutionis either valid, or it is
not.

Solvers are proof engines. Their internal logic (presolve
simplifications, relaxations, branch-and-bound search,
cutting planes, and verified heuristics) systematically
eliminates infeasible or inferior regions of the search
space. Each transformation preserves mathematical

equivalence, allowing solvers like Gurobi to handle
models with millions of variables while maintaining
provable guarantees.

This distinction matters because LLMs operate on
plausibility, not proof. They predict the next likely word
or token based on patterns in data. Even when trained
on equations, they recognize patterns, rather than
derive results. They have no mechanism for bounding
errors, exploring combinatorial spaces, or certifying
optimality. Their apparent reasoning is linguistic, not
mathematical.

In practice, proof is not an academic nicety; itisa
safeguard. Optimization decisions often control major
costs, resources, and compliance outcomes. A plan
that mostly satisfies constraints might look fine but fail
in execution. Solvers prevent this by providing
mathematical evidence that every solution is valid,
optimal, or infeasible. When regulators or executives
ask, “Why did we make this decision?” the solver’s
proofs form the answer.

How LLMs and solvers represent two
foundations of reasoning

Large language models and mathematical optimization
solvers both produce answers, yet they pursue entirely
different kinds of truth. LLMs are statistical engines
trained to predict the next token in a sequence. They
compress patterns from vast text and code corpora
and generate outputs that appear to reason. They can
decompose a problem, call tools, and revise their own
steps, but any guarantees come from the tools they
invoke and not from the model itself. They are
extraordinarily good at forming hypotheses,
explanation, and translation between human intent and
technical form, but they cannot verify that what they
produce is feasible or optimal.

Solvers such as Gurobi operate on the opposite
principle. They do not learn from examples but reason
explicitly from a model of objectives, constraints, and
variables. Their task is to determine whether a feasible
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solution exists, to find the best one if it does, or to prove
infeasibility or unboundedness. Every algorithm they
use (presolve, relaxations, branch and bound, cutting
planes, or verified heuristics) serves that single
purpose. The outcome is always the same type of
statement: a mathematically certified solution or a
proof that none exists. Their intelligence is constructed
rather than learned, built from decades of algorithmic
theory designed to guarantee correctness.

This difference is philosophical as well as technical.
LLMs are empirical; they learn patterns from data and
work through association. Solvers are deductive; they
derive conclusions from rules. LLMs operate on what
seems right; solvers on what is proven right. The result
of one s linguistic plausibility; the result of the other is
mathematical truth.

The difference becomes even clearer at scale. LLMs
handle sequences of tokens, while solvers handle
millions of decision variables and constraints. LLMs
measure success by coherence and usefulness;
solvers measure it by feasibility and optimality. LLMs
generate plausible statements; solvers produce
verifiable certificates. A solver can reporta 0.02
percent optimality gap backed by mathematics; an
LLM can only sound confident. Solvers are specialists
tuned for one class of problem, while LLMs are
generalists trained for many. Their efficiency comes
from opposite design philosophies: solvers exploit
mathematical structure to cut through combinatorial
complexity, while LLMs absorb structure into statistical
patterning.

Even their failure modes contrast. When a solver
cannot find a solution, it reports why (infeasible,
unbounded, or unresolved within a quantified gap)

often with diagnostic information such as an Irreducible
Infeasible Subsystem (IIS). When an LLM fails, it fails
silently, producing fluent but false content. In
optimization, that difference matters: a single
hallucinated constraint or coefficient can invalidate an
entire plan.

Despite these differences, the two are not competitors
but complements. Each supplies what the other lacks.
LLMs give language, accessibility, and adaptability to
optimization; solvers provide reliability, precision, and
proof.

One system where LLMs and solvers work
together

When combined, LLMs and solvers unite
understanding, computation, and explanation. The
LLM interprets human intent and translates it into
structured form; the solver performs rigorous
computation to produce a verifiable result; and the LLM
interprets those results, explains trade-offs, and
orchestrates next steps.

This collaboration changes who can use optimization
and how. The LLM lowers the barrier to modeling,
turning natural language goals into mathematical
formulations, while the solver ensures the rigor and
reliability of the output. The process becomes
conversational rather than technical, transforming
optimization from a specialist’s craft into an interactive
capability embedded in everyday decision-making.

The most powerful decision systems of the coming
decade will not replace solvers with LLMs; they will link
them. The LLM expands what can be expressed and
understood, while the solver guarantees what can be
proven and acted upon.
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Dimension LLMs

Knowledge type
examples

Learning source Large corpora of text, code, and

examples

Inference mechanism

prediction)
Goal Generate plausible and useful output
Trust model “Seems right”

A working example of LLM-solver
collaboration

Perhaps the best way to convey the distinction
between the two technologies (and how they can best
be combined) is through an example. Suppose a
planner asks for a weekly production plan that
minimizes cost while meeting demand. An LLM might
produce a plausible allocation of units across plants,

Empirical and statistical; learned from

Pattern completion (probabilistic token

Solvers

Formal and deductive; derived from axioms and
constraints

Explicit mathematical model provided by the user

Logical reasoning (constraint satisfaction and
combinatorial proof)

Guarantee correctness and optimality

“Proven right”

but nothing ensures that it respects capacity limits.
Hand the formal model to Gurobi, and it will explore the
feasible space and prove that a particular configuration
is optimal, reporting cost, variable values, and a bound
ondeviation from the global optimum. The LLM can
then translate that result back into clear language,
explain the binding constraints, and run follow-up
scenarios. The LLM’s fluency and the solver’s proof
together create a usable, trustworthy workflow.
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THE MODERN DECISION INTELLIGENCE STACK

Explain use case

—_—

4—
Human-friendly
explanation

Retur
solution

The two technologies diverge in method but alignin
purpose. LLMs expand access to optimization by
letting people describe goals, adjust parameters, and
interpret results in plain language. Solvers preserve the
mathematical foundation that keeps those results valid.
The most effective decision intelligence systems let
each component do what it does best: the LLM
expresses human intent and manages interaction, the
solver enforces feasibility and delivers proofs, and the
two together turn language into certified decisions.

A well-designed decision intelligence system treats the
LLM and solver as co-equal collaborators; one
speaking the language of humans, the other speaking
the language of mathematics.

Model fidelity and the human-Al-solver loop

A solver’s guarantees are only as good as the model it
receives. If key real-world constraints are missing, even
an optimal result can be meaningless. Here, LLMs

Mathematical
Model

Send model
solve

olve model

Solution

Information

assist by improving model fidelity: checking
assumptions, suggesting missing constraints, clarifying
units, and documenting model logic. Once the modelis
well defined, the solver provides certified results, and
the LLM translates those results into human language.
Together, humans, LLMs, and solvers form a complete
reasoning loop:

1 Thehuman articulates goals in natural language.

2 ThelLMtranslates those goals into a candidate
optimization model.

3 Thesolver computes provably feasible and
optimal solutions.

4  TheLLM explains results and communicates
trade-offs.

5 Thehumanrefines and repeats as needed.
This process is inherently iterative. Candidate models

often start incomplete (missing constraints, misaligned
assumptions, or unclear objectives) and must be
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refined through multiple passes. Here, human
expertise is critical: recognizing what’s missing, judging
plausibility, and guiding the LLM toward better
formulations. Through this back-and-forth, optimization
becomes aninteractive reasoning process;

Limitation LLM mitigates

approachable at the surface, yet rigorous at its core.
LLMs can describe, approximate, and simulate, but
only solvers can certify, and that certification is what
defines true solving.

Solver mitigates

Human difficulty in expressing
optimization problems form

Lack of mathematical guaranteesin -
LLM outputs

Solver logs and model complexity
hard for non-experts to interpret

Rigid modeling workflows

Research frontiers: how LLMs are
advancing optimization science

New technologies often begin as tools and evolve into
collaborators. The same shift is now taking place in
optimization. Large language models, once confined to
text and reasoning tasks, are beginning to participate in
the science of optimization itself. They are not
replacing solvers but helping to build better ones.

Therise of LLMs has revived a classic questionin
operations research: which parts of optimization are
algorithmic, and which are creative? Solvers remain the
engines of proof, but LLMs are becoming the engines
of hypothesis. They generate ideas, patterns, and
formulations that guide algorithmic reasoning. The
collaboration between the two is defining a new phase
of research where exploration meets verification.

One of the clearest developments can be seenin
automatic model generation. Researchers are building
systems that can read problem descriptions and draft
optimization models directly from text, data, or
business process records. An LLM can identify
decision variables, propose objectives and constraints,
and even document its work in plain language. In
experimental setups, the solver then evaluates that

LLM translates intent into mathematical -

Solver enforces feasibility and
optimality

LLM explains and contextualizes results -

LLM enables natural-language iteration -

model, proving feasibility or infeasibility and sending
feedback. The LLM refines the formulation, the solver
tests again, and the loop continues until a valid and
efficient model emerges. This cycle of language and
proof hints at a future where building a model feels like
aconversation rather than a programming task.

Beyond modeling, LLMs are being used to suggest
heuristics, cuts, and branching strategies that improve
solver performance. Optimization has always relied on
intuition: deciding which variable to branch on, which
cut families to apply, and how aggressively to run
presolve. When trained on solver logs or benchmark
data, an LLM can help summarize that intuition,
recommending promising strategies or configurations
that human experts might overlook. However, the
boundary isimportant: while LLMs can assist with
tuning and heuristic design, they are not well suited for
core mathematical decisions such as selecting
branching variables in mixed-integer programming
(which is where solver-specific logic and proof-based
reasoning dominate). In all cases, the solver remains
the final arbiter, checking every suggestion and
preserving the fundamental structure of collaboration
where the LLM proposes and the solver proves.
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This relationship extends toward autonomous systems
known as solver agents. These agents oversee the
entire modeling, solving, and analysis cycle with
minimal human input. They can interpret business
objectives, gather data, build and solve models,
diagnose infeasibility, adjust parameters, and present
results. In practice, this progression will likely begin with
specialized, smaller-scale agents; each focusedona
specific skill such as data preparation, constraint
validation, or parameter tuning. Over time, more
sophisticated composite agents willemerge,
orchestrating these specialized tools into end-to-end
optimization workflows. The overall architecture
mirrors how experienced analysts work; only
automated and accelerated. Yet every iteration still
culminates in a call to the solver, which remains the final
arbiter of correctness.

LLMs are also helping researchers work together more
efficiently. They generate benchmark datasets from
textual problem descriptions, produce experiment
documentation, and translate solver logs into
structured data for performance prediction. They even
summarize technical literature, reducing barriers
between disciplines and improving the flow of
knowledge across the optimization community.

Despite rapid progress, there are clear limits. LLMs do
not yet possess mathematical rigor. They cannot
formally prove the validity of a cut,abound, or a
relaxation without a solver to verify it. They still struggle
with numerical precision and cannot yet scale to
models with millions of variables or constraints. They
perceive text rather than algebraic structure, and their
outputs are non-deterministic: two identical prompts
canyield different results. This variability is tolerable in
research but unacceptable in production systems.

That said, the boundary is shifting. As LLMs improve
their ability to generate executable code, building
validation harnesses and testing their own outputs
against model instances, they gain a new form of
empirical rigor. They may never prove correctnessin
the mathematical sense, but they canincreasingly

demonstrate it through code execution, unit testing,
and iterative verification. In that sense, solvers will
remain the source of formal truth, but LLMs will close
the gap between informal reasoning and provable
computation.

Many of these boundaries, however, are narrowing.
Researchers are developing hybrid systems that blend
neural and symbolic reasoning, allowing models to
manipulate algebraic structures directly. Fine-tuned
LLMs trained on solver logs are becoming more aware
of optimization patterns and constraint schemas.
Continuous feedback loops between solver telemetry
and language reasoning are producing self-tuning
pipelines that learn which formulations and parameter
settings work best. Some prototypes are using LLMs
as lightweight proof assistants, able to formalize or
check parts of the solver’s reasoning before numericall
execution. Each step draws the two technologies
closer together, merging fluency with rigor in tighter
collaboration. This evolution fits a historical pattern. In
the 1980s, rule-based expert systems tried to encode
human reasoning and fell short. In the 1990s, constraint
programming and mixed-integer optimization restored
mathematical certainty but demanded expertise. In the
2010s, machine learning brought flexibility but
abandoned guarantees. Now, with language models,
the cycleis converging into synthesis: systems that
learn from language while reasoning through
mathematics. Each era has expanded the reach of
optimization rather than replacing it.

The guiding principle at this frontier is simple: every
generative insight must end in a proof, and every proof
deserves an explanation. LLMs provide the insight by
generating hypotheses, guiding heuristics, and
explaining results. Solvers provide the proof by
verifying, bounding, and optimizing under mathematical
laws. Together, they define a new research discipline:
optimization guided by language and guaranteed by
mathematics.
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—_— see two halves of one system: learning from data and

Designing the Decision Intelligence
ecosystem

reasoning with structure. A new generation of decision
intelligence ecosystems is emerging, combining LLMs,

The convergence of large language models and solvers, data pipelines, and human interactionin an

mathematical optimization is becoming a new layer of iterative workflow. The aimis to preserve the

enterprise architecture. Organizations that once guarantees of optimization while embracing the

separated predictive Al from prescriptive analytics now flexibility of language.

Primary role

Typical technology

Key strength

Understanding Translate human intent and Large language models, prompt
Layer unstructured information into orchestrators, conversational
structured decision problems. agents.

Language understanding,
context reasoning.

Computation Perform rigorous, quantitative
Layer reasoning and prove optimal or
feasible decisions.

Optimization solvers (e.g., Mathematical rigor,
Gurobi), constraint guarantees, optimality
programming, simulation. proofs.

Action Layer Implement decisions in operational
systems and monitor outcomes.

APIs, workflow automation,
dashboards, data pipelines.

Integration with real-world
processes.

A useful mental model is a three-layer stack. The Several principles help these systems remain safe and

understanding layer translates intent and unstructured effective:
information into structured decision problems using .
] ] B Keep reasoning and proof separate: the LLM
LLMs and conversational agents. The computation .
proposes models or parameters; the solver verifies

layer performs rigorous reasoning and produces .
yerp 9 9 P and certifies them.

proofs using solvers such as Gurobi, constraint

programming, and simulation. The action layer m Enforce determinism at the solver layer: each

. " . . LLM instruction should map to areproducible
implements decisions in operational systems through

APls, automation, and dashboards. In short: the LLM model transformation or APl call.

layer captures intent, the solver layer guarantees truth, B Route solverresults back to the LLM: this

and the action layer delivers impact. When designed
well, this stack forms a closed loop in which every
decision begins with a natural language question and
ends with an action justified by proof.

creates a continuous feedback loop for
interpretation and refinement.

E Maintain human oversight: use transparent logs,
versioned models, and clear explanations.

m Govern by proof: ensure operational outputs
always include certificates of feasibility, optimality,
or infeasibility.

m Treat prompts and models as data pipelines:

use schemas, units, type checks, and validation.

m Escalate errors to diagnostics: don’t allow the
LLM to invent fixes when solver or validation errors
occur.
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A typical workflow illustrates the pattern. A planner
states an objective, the LLM clarifies details and drafts
amodel, the solver optimizes and returns status,
objective, solution, and gap or an lIS. The LLM explains
the result, proposes scenarios, and updates
parameters for a new solve. Final decisions flow to
execution systems while proofs and explanations are
logged for audit. The result feels conversational at the
surface and mathematical at the core.

As these platforms scale, governance becomes
central. Decisions will affect supply chains, portfolios,
and grids, so explainability and auditability must match
other enterprise Al standards. Solvers naturally
support this by tying every decision to a formal model
and providing proofs or lIS reports. LLMs serve as the
narrative interface that makes those artifacts
intelligible to engineers, executives, and regulators.
The guiding rule is simple: never let a generative
component displace a proof-based one.

Role Strength

Primary question

Prediction and prescription also converge here.
Forecasting models estimate what will happen. The
LLM contextualizes those predictions and frames a
decision problem. The solver computes the best
response under constraints. The LLM explains
tradeoffs to decision makers. This closes the loop from
data to action and moves optimization from a
specialist’s back-office tool to a frontline capability.

At enterprise scale, a service-oriented design works
well. A central optimization service or cluster provides
computation and proofs. An LLM orchestration layer
manages conversation, context, and translation.
Business applications connect through APIs and
dashboards. This layout delivers centralized
governance and reproducibility, decentralized access
for teams, scalable performance across cores and
nodes, and continual learning as solver outcomes
inform future prompts and templates.

Mode of reasoning

Humans Context, judgment, values
LLMs Language, abstraction, memory
Solvers Mathematics, proof, optimization

What matters?

What are we trying to decide?

What is the best possible decision?

Ethical and strategic

Statistical and conceptual

Logical and algorithmic
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Human roles remain essential even as automation
increases. Modelers supervise Al-generated
formulations. Data scientists ensure integrity and
context. Operations experts set goals and interpret
outcomes. Decision makers define ethical, financial,
and strategic boundaries. The collaboration turns
optimization into an organizational capability rather
than a niche function, as it has been in the past.

The future of decision intelligence

Looking ahead, mature platforms will blend language,
mathematics, and governance as equal pillars. Natural
language modeling assistants will be standard
features. Solver APIs will sit inside multi-agent
orchestration, and explainability layers will present
proofs and IIS findings as visual and narrative
experiences. Governance dashboards will track model
lineage, solver status, and proof artifacts in human
readable form. The directionis convergence:
optimization engines provide the backbone of
verifiable reasoning and Al models provide the
connective tissue to human understanding.

Some challenges will fade quickly. Prompt fragility will
decline as LLMs become schema-aware. Algebraic
and symbolic literacy willimprove through targeted
training. Integration overhead will drop as
conversational solver interfaces and native toolkits
emerge. Explanations of proofs and gaps will become
routine. Auto-modeling assistants will reduce hand
coding while keeping humans in charge of objectives
and trade-offs. These improvements will not erase the
line between statistical and mathematical reasoning,
but they will make the partnership feel seamless.

Certain foundations will not change. For example,
feasibility and optimality are non-negotiables. And
proof remains the standard of trust in high-stakes
settings, where transparency and audit trails are
required as autonomy grows. Human oversight will
remain central. Specialization wins, so domain-general
LLMs will not replace purpose-built optimization
engines.

Over the next decade, roles will settle into a stable
division of labor. Humans provide context, judgment,
and values, whereas LLMs provide language,
abstraction, and memory. Solvers provide
mathematics, proof, and optimization, while the human
setsdirection. The LLM translates intent into
formalism, and the solver ensures the result is true. This
triad is a new way of organizing enterprise reasoning.

Going forward, decision intelligence will be treated as
core infrastructure. Over time, a repeatable pattern
emerges: proof-based computation behind
conversational intelligence. Most enterprise Al
systems willinclude a solver, visible or not, as the
engine of truth beneath language.

For our part, we view this as opportunity. Solvers
remain the backbone of decision intelligence, ensuring
that every Al-generated answer and every automated
planis provably correct. Our focus is to advance
performance and scale, expand accessible interfaces
across AP, cloud, and conversational use, and
collaborate on hybrid systems that combine generative
fluency with mathematical certainty. The next
generation of Al will rely on solvers more than ever,
because optimization is the discipline that keeps
intelligence accountable and turns ideas into decisions
that can be trusted.
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